Context Alzheimer's disease (AD) and dementia with Lewy bodies (DLB) are the most common neurodegenerative dementia types. It is important to differentiate between them because of the differences in prognosis and treatment approaches. Objective Investigate if sparse partial least squares (SPLS) classification of cortical thickness measurements could differentiate between AD and DLB. Methods Two independent cohorts without MR-protocol alignment in Norway and Slovenia with 97 AD and DLB subjects were enrolled. Cortical thickness measurements acquired with Freesurfer were used in subsequent SPLS classification runs. The cohorts were analyzed separately and afterwards combined. The models were trained with leave-one-out cross validation and test datasets where used when available. To study the impact of MR-protocol alignment, the classifiers were additionally tested on sets drawn exclusively from the independent cohorts. Results The obtained sensitivity/specificity/AUC values were 94.4/88.89/0.978 and 88.2/94.1/0.969 in the Norwegian and Slovenian cohorts, respectively. Both cohorts showed AD-associated pattern of thinning in mid-anterior temporal, occipital and subgenual cingulate cortex, whereas the pattern supportive for DLB included thinning in dorsal cingulate, posterior temporal and lateral orbitofrontal regions. When combining the cohorts, sensitivity/ specificity/AUC were 82.1/85.7/0.948 for the training and 77.8/75/0.731 for the testing datasets with the same pattern-of-difference. The models tested on datasets drawn exclusively from the independent cohorts did not produce adequate accuracy. Conclusion SPLS classification of cortical thickness is a good method for differentiating between AD and DLB, relatively stable even for mixed data, but not when tested on completely independent data drawn from different cohorts (without MR-protocol alignment).
Introduction
Alzheimer's disease (AD) and dementia with Lewy bodies (DLB) are the most common neurodegenerative dementia types and their prevalence increases because of the aging population. It is important to differentiate between AD and DLB in order to improve safety and efficacy of treatment, as well as to have reliable information about disease prognosis. People with DLB have high risks of severe reactions to antipsychotics [1, 43] , have more severe functional impairment [48] , reduced quality of life [9] , and higher mortality rate than people with AD [68] . Therefore, it is not surprising that the annual care costs are higher for patients with DLB than for those with AD [10] .
Most studies based on the 1996 consensus criteria for clinical diagnosis of DLB have reported a high specificity (80-100 %) but a low sensitivity (20-60 %) [47] . Sensitivity and specificity of the most recent criteria [46] are not clarified yet.
Neuroimaging such as magnetic resonance imaging (MRI) can provide relevant support in the diagnosis of AD [53] . Whether MRI can assist in the differentiation between AD and DLB is not yet clarified, since most studies do not report sensitivity and specificity, providing only group differences.
Nevertheless, these findings are highly important for uncovering brain mechanisms and for understanding the pathomorphological and pathophysiological differences in these conditions. One of the most robust observations is a relative preservation of the medial temporal lobe in patients with DLB compared to AD observed in a number of MRI studies [4, 5, 12] .
Less consistent findings have been reported regarding the involvement of the frontal regions in DLB [4] . Burton et al. [12] found bilateral grey matter volume loss in several specific frontal lobe areas: supplementary motor, lateral orbitofrontal and insular areas in DLB. Another voxel-based morphometric (VBM) study confirmed bilateral grey matter loss in insular, premotor and prefrontal cortical areas in DLB [11] . However, it is still not completely clear whether these changes differ in AD and DLB and whether they reflect comorbid AD pathology [31, 67] . Meanwhile, a recent VBM study found that the whole cortex is preserved in DLB compared to AD [67] .
To our knowledge, there is only one study on multivariate imaging data analysis in DLB patients [64] . The authors used a mixed model to classify histopathologically confirmed dementia cases and achieved high sensitivity and specificity for AD and Lewy body cases.
Since multivariate approaches have been shown to be both more sensitive and more specific than univariate approaches in predicting outcome measures from independent datasets when dealing with high-dimensional neuroimaging data [33] , we implemented them into our study. Different multivariate and machine learning approaches are available for neuroimaging data analysis [33] . A detailed review assessing the performance for some of them in neuroimaging studies also contains analysis of image postprocessing approaches [20] .
Partial least squares (PLS) is a well known dimensionality reduction method [70] . First implemented in chemometrics, it has gained a lot of attention in high-dimensional classification problems of computational biology. In addition, PLS has been demonstrated to be successful when dealing with large numbers of predictors, small sample size, and high collinearity among predictors [16] , which is highly relevant for neuroimaging data. One of the main issues in such data is the so-called ''curse of dimensionality'', which refers to the number of events that happens when dealing with high-dimensional feature spaces and which can significantly influence the results hampering the effective modeling [7] . Although PLS by itself as a feature extraction algorithm has been shown to be effective in overcoming this problem, different approaches for feature selection [15] have also been developed in order to improve the modeling efficacy. In our work we used the relatively novel sparse partial least squares (SPLS) technique, which provides the sparsity-based variable selection within the course of PLS dimensionality reduction. A more detailed description can be found in [16] . Since the recent work revealed some advantages for the surface-based preprocessing approaches, such as significantly lower standard deviation of the intra-scanner difference as compared to Laplacian-or registration-based methods [18] , we implemented this into our study.
Notably, the majority of studies utilizing pattern recognition techniques for neuroimaging data, were performed on either a single cohort or on several cohorts with harmonized imaging protocols. However, a comparison of behavior of pattern recognition techniques on MRI data with and without protocol alignment has not previously been undertaken. This is a key issue, as the necessity for protocol alignment is a significant barrier that hampers the implementation of pattern recognition techniques into clinical practice.
The aim of this study was to investigate whether a multivariate classification of cortical thickness measurements has a potential to facilitate differentiation between clinically diagnosed AD and DLB patients. In addition, we wanted to study the dependence of sparse PLS structural MRI data classification on the protocol alignment. We hypothesized that a classifier would likely fail to produce appropriate accuracy on data from different cohorts due to significant protocol-related differences in imaging data. However, we also hypothesized that after being trained on a mixed set, the pattern recognition algorithm would still be able to demonstrate acceptable performance on the independent sets from both cohorts.
The hypotheses were tested using two separate cohorts. As far as we know, this is the first study to implement sparse PLS technique in neuroimaging.
Methods

Setting
Patients with mild AD or mild DLB from two European cohorts were included: the DemWest cohort, in which the study was performed at geriatric medicine and psychiatry outpatient clinics at three hospitals in Western Norway (Stavanger University Hospital, Haugesund Hospital, and Haraldsplass Deaconess Hospital in Bergen); and the Slovenian (Slo) cohort that consisted of dementia patients attending the memory outpatient clinic at the Department of Neurology (University Medical Centre in Ljubljana). The diagnosis of dementia was made according to DSM-IV criteria and the diagnosis for Alzheimer's disease dementia was based on The National Institute of Neurological and Communicative Disorders and Stroke-Alzheimer's Disease and Related Disorders Association [49] . DLB was diagnosed according to the revised consensus criteria [46] in the DemWest cohort and the 1996 criteria for the Slo cohort [47] . For the Slo cohort we merged DLB and Parkinson's disease dementia (PDD) patients [23] , since these syndromes share clinical and pathological features [41] .
Standardized clinical screening assessment instruments were administered in both cohorts to assess cognitive, psychiatric, and motor functions. Details for the DemWest study have been reported elsewhere [2] In addition to routine blood tests, laboratory assessment of thyroid function, vitamin B12 and folate (the patients with vitamin deficiency were excluded) were administered. In both cohorts, visual assessment of MRI scans (both T1 and T2-FLAIR) were performed to exclude structural pathologies other than AD or DLB that could account for the symptoms.
In the DemWest cohort, we actively selected AD patients for each of the 18 DLB cases and matched for gender, age and MMSE score.
The remaining AD subjects were used as an independent testing dataset. The detailed demographics are provided in Table 1 . Age-related effects were regressed out before the classification in both cohorts.
Number of subjects from different centers was equivalent in each sample in the DemWest cohort (Ratio for Centers C1/C2/C3 was: 14/2/2-AD; 13/3/2-DLB; and 20/4/3 in the independent dataset of 27 AD patients).
I-FP-CIT SPECT scanning procedure (DaTSCAN)
Additionally, for all DLB subjects from the Slo cohort and for 16 patients from the DemWest cohort, single photon emission computed tomography procedures with 123 I-FP-CIT compound (DaTSCAN) were acquired.
In the DemWest cohort, the images were acquired at three institutions on Siemens Symbia and E-Cam dual-head Gamma cameras with similar protocols. Transversal images through the basal ganglia were visually analyzed by one nuclear medicine specialist blinded to all patient information.
In the Slo cohort, DaTSCAN images acquired on Siemens Symbia T2 dual-head Gamma camera were evaluated by two independent raters (the first one is a specialist in nuclear medicine and the second one is a neurologist with additional knowledge in functional brain imaging). They were blinded for the clinical information. Normal/abnormal tracer uptake patterns were analyzed. The results were similar in the DLB and PDD patients.
Postmortem findings
To date, seven subjects (5 AD and 2 DLB) from the total DemWest cohort came to autopsy and had their diagnoses confirmed. Exclusion criteria
The exclusion criteria were normal cognition, mild cognitive impairment or moderately severe or severe dementia (defined as MMSE \15), acute delirium or confusion, terminal illness, recent diagnosis of a major somatic illness, history of bipolar or psychotic disorders.
Ethical issues
The studies were approved by the local Regional Committee for Medical Research Ethics. All patients provided written consent to participate in the study after the study procedures had been explained in detail to the patient and a caregiver.
MRI
Images were collected from 1.5 T MRI scanners using 3D T1-weighted MRI acquisition protocols, which were optimized and validated to produce reliable measurements of intracranial volume (ICV) and mean cortical thickness (MT). We had three centers and MRI scanners for the DemWest cohort in Norway: Stavanger, Haugesund (Philips Intera) and Bergen (GE Signa Excite); and one center for the cohort from Slovenia: the University Medical Centre Ljubljana (GE Signa Excite). Visual Ad-hoc quality control was carried out for all MR scans. Three images in the DemWest and two images in the Slo cohorts were excluded from the data analysis due to the bad image quality and motion artifacts. For the DemWest cohort the MRI protocols were aligned across the centers. The data from Slovenia was not harmonized with the DemWest cohort (for protocol details see Table 2 ).
In order to check intra-and inter-scanner reliability in the Dem West cohort, we performed a validation study using human phantom scanning. For this purpose, MRI was performed in three healthy subjects with repeat scanning including FLAIR and 3D T1 two times at each center on the same day. The MRI procedures included two scanning sessions with a pause in between when the subject left the MRI room. Human phantom scanning was completed within 3 months for all participating centers.
The analysis included estimation of intra-and interscanner reliability coefficients (Cronbach's alpha) for ICV and MT measurements.
Reliability assessment was performed using the ''ltm'' (Latent Trait Models) package [57] in R programming language [56] , which is well established and freely available for download (http://www.R-project.org/).
Estimation of the reliability coefficient (Cronbach's alpha) showed appropriate results: the intra-/inter-scanner reliability coefficients for ICV and MT were 0.996/0.995 (excellent) and 0.945/0.752 (excellent/acceptable) respectively.
Taking into account previously shown good test-retest cross-scanner reliability of the Freesurfer's performance [34] , these results allowed us to use the images from all three participating centers.
Image postprocessing
Cortical reconstruction was performed using the Freesurfer image analysis suite (v 5.1) installed on CentOS 5.6 9 86_64 workstation (or 64-bit CentOS 5.6 workstation). The software is documented and available for download online (http://surfer.nmr.mgh.harvard.edu/). The technical details of this procedure are described elsewhere [21, 22, 27, 28, 30] . They include removal of non-brain tissues using a watershed/surface deformation procedure [60] , Talairach space transformation, intensity normalization [63] , tessellation of the gray/white matter boundary, topology correction [61] , and surface deformation [21, 27] . After the cortical reconstruction, a number of deformable procedures can be performed for further data processing and analysis including surface inflation [29] , and In-plane resolution
registration to a spherical atlas, which utilizes individual cortical folding patterns to match cortical geometry across subjects [30] . The described method uses both intensity and continuity information from the entire three-dimensional MR volume in segmentation and deformation procedures to produce representations of cortical thickness, calculated as the closest distance from the gray/white boundary to the gray/CSF boundary at each vertex on the tessellated surface [27] . The maps are created using intensity gradients across tissue classes and are therefore not simply reliant on absolute signal intensity. The maps produced are not restricted to the voxel size of the original data and thus are capable of detecting submillimeter differences between groups. Procedures for the measurement of cortical thickness have been validated against histological analysis [58] and manual measurements [40, 59] . Freesurfer morphometric procedures have been demonstrated to show good test-retest reliability across scanner manufacturers and across field strengths [34] .
The Freesurfer output for all subjects underwent visual quality control and misclassified areas (mainly, regions near cerebellar sinuses and orbitofrontal cortex) were corrected manually by the trained brain image analyst and medical doctor blinded to the clinical diagnosis.
Afterwards, all vertices for both hemispheres from all the subjects were extracted and concatenated into an n-by-327684 matrix (where n is the number of subjects and 327684 is the number of vertices for both hemispheres), which was used for the subsequent multivariate data analysis.
Statistical analysis
Demographic and clinical features were compared using parametric and non-parametric tests as appropriate. In addition to post hoc visual quality control, we used principal component analysis (PCA) of the cortical thickness measurements for outlier detection, since this method has been shown to be effective in solving this issue [24] . We applied PCA implemented into the ''stats'' package in R programming language [56] . No outliers were detected.
A multivariate analysis of surface-based cortical thickness measurements was performed using ''spls'' (SPLS) R-package (spls-package version: 2.1; R version 2.15); its methodology has been described elsewhere [16, 17] , and the documentation is available via the following link: http://cran.r-project.org/web/packages/spls/spls.pdf. The general principle of this methodology is to impose a mixed-norm (L 1 ?L 2 ) penalty on PLS loadings vectors [17] . We define PLS formulation as follows:
where are matrices of random errors. In order to specify the latent component matrix T such that T = XW, PLS requires finding the columns of W = (w 1 ,w 2 ,…,w K ) from successive optimization problems. As a result, our model is determined by a linear combination of a subset of potential covariates.
Constraining the loadings, we end up with two adjusting parameters: 'eta'-the measure of sparsity (varying between 0 and 1; when 'eta' is 0, regular PLS is used) and 'K'-the number of latent variables. For the details see [17] .
We chose these parameters within a preliminary specified range (1-5 for 'K' and 0-0.5 with the increment of 0.1 for 'eta'). We limited our search by five latent variables (K), since after this point we did not observe significant increase of the explained variance percentage, and upper 'eta' value limit was set to 0.5, because, according to our previous observations, higher values produce oversmoothed models. We applied the described approach for several smoothing kernels of 0, 5, 10, 15, 20 and 25 FWHM (full width at half maximum) after removing agerelated effects.
For each FWHM the best model had been selected based on its mean squared error of prediction (MSPE), whereupon the models' leave-one-out (LOO) cross-validated sensitivity and specificity as well as their performance on the independent datasets (for the DemWest and the mixed cohort) were compared. Of note, the Slo cohort was analyzed only using the LOO strategy and did not have an independent dataset.
Since MRI protocols were not harmonized between Norway and Slovenia, the data from the two countries were first analyzed separately. However, after observing similar patterns of atrophy in both cohorts (see ''Results''), we decided to investigate if we can combine the data even though the protocols are not harmonized. To do this, we selected a randomly-equivalent training dataset of 26/26 AD/DLB subjects and, after performing the described data analysis steps, tested the resulting model on the independent dataset of the remaining 36 AD and 9 DLB patients. Finally, to see a pure impact of protocol differences, we tested the DemWest and Slo models on data from opposite cohorts (the DemWest model was tested on Slo data, and vice versa).
After choosing the best model for each case, we calculated and plotted its sensitivity, specificity and overall accuracy and calculated the area under the ROC curve (AUC). When reporting sensitivity and specificity, we used 0.5 as a cut-off value in all cases, which was the middle point between the minimum (0) and maximum (1) likelihoods for Lewy body pathology across all models.
Finally, we mapped the variable coefficients from the best model into the brain space in order to define the regions, which were the most relevant for the AD/DLB classification (The workflow steps and principle of the model selection are illustrated in Figs. 3 and 4 of Appendix).
Results
Demographics
In total, 97 patients were included (DemWest: 63, Slo: 34). As expected after the matching procedure, the DemWest AD and DLB groups did not differ regarding demographic or clinical features (see Table 1 ). In the Slo cohort, the AD subjects were slightly older than the DLBs (p value 0.023).
SPLS modeling
During the search for the optimal model we observed optimal performance for FWHM of 20 mm in both cohorts. 'K'/'eta' parameters were set as 2/0.3 for the first (DemWest) cohort and 2/0.4 for the second (Slo) cohort, respectively. Sensitivity/specificity/AUC were 94.4/ 88.89 %/0.978 for the DemWest cohort and 88.2/94.1 %/ 0.969 for the Slo cohort (see Fig. 1 ). Overall accuracies were 91.64 and 91.15 in the training DemWest and Slo datasets, respectively. Additionally, 21 out of 27 probable AD subjects from the independent dataset of the DemWest cohort were correctly classified by the corresponding model (accuracy = 77.78 %), suggesting appropriate generalization.
In the mixed cohort, 'K'/'eta' parameters were set as 2/0.4. sensitivity/specificity/AUC were 82.1/85.7 %/0.948 for the training and 77.8/75 %/0.731 for testing datasets (overall accuracies were 83.9 and 76.4, respectively).
As expected, when tested on opposite data (from different cohorts) the models failed to produce appropriate accuracy. Thus, the DemWest model showed 0.59/0.59/ 0.67 for sensitivity/specificity/AUC on the Slo data, and the Slo model demonstrated 0.61/56/0.56 on the DemWest data, respectively.
Regions of relevance for AD/DLB classification
Mapping the coefficients into the brain space revealed several regions, which appeared to be the most relevant for the classification. The pattern of difference was similar in all cohorts (Fig. 2) . Cortical thinning, which increased the chances for the subject to be classified as an AD patient, was observed bilaterally in anterior parahippocampal region and temporal pole (the most relevant areas), subcallosal (subgenual cingulate) and occipital regions. Cortical thinning relevant for DLB was observed bilaterally in the cingulate region (affecting middle and posterior parts on the right side and middle on the left), superior temporo-occipital areas, and lateral orbitofrontal cortex.
In the DemWest and in the mixed sample, AD-associated patterns also included changes in the parietal region, whereas DLB-supportive thinning was additionally found in insular area. This was not observed in the Slo cohort.
Discussion
The present study is one of the first to compare differences in the MRI morphological profiles of AD and DLB patients in a multivariate perspective. We applied multivariate analysis for high-dimensional surface-based measurements without the ROI predefinition and the sparse PLS algorithm for neuroimaging data analysis. Our work revealed an opportunity for robust AD/DLB classification based on structural MRI data. The performance of our model is comparable to the results from previous neuroimaging studies that used different models for the diagnostic classification of AD, DLB, frontotemporal dementia and mild cognitive impairment [25, 38, 42, 54, 64, 66] .
The main regional changes, which contributed to the diagnostic classification, were thinning of the parahippocampal, subgenual cingulate regions and temporal pole in AD, compared to thinning in mid and posterior cingulate, superior temporo-occipital, and lateral orbitofrontal regions in DLB.
The described pattern is consistent with some of the previous studies. More extended temporal changes in patients with AD as compared to DLB have been found in a number of studies [4, 5, 12] . The neuropathological substrate of AD primarily affects the entorhinal cortex and associated neocortical areas; this may explain more severely impaired memory function in AD as compared to DLB [6, 44, 47] . On the other hand, the neuropathological basis of DLB includes subcortical, frontal, temporal, and parietal lobes, which may explain the predominance of visuospatial, attentional, and executive function impairment in the patients [14, 52, 55, 62] . Therefore, the pattern of atrophy supportive for DLB obtained in our study is consistent with neuropathological and neuropsychological findings. However, atrophy can only partially explain cognitive and other symptoms in DLB, and other factors such as metabolic, brain perfusion and neurotransmitter changes most likely also play a role in specific patterns of cognitive decline. Disentangling the relative contributions of the various pathologies for the clinical phenotype in DLB is a research priority.
Inconsistent findings have been reported regarding the involvement of cingulate and frontal cortex in DLB. Both postmortem [39] , as well as studies using imaging techniques such as SPECT-perfusion [19] , PIB-PET [32] , DTI [26, 37] , have reported cingulate involvement in Lewy 26 DLB patients) and of the independent dataset (remaining 36/9 AD/ DLB cases). Red spectrum reflects pattern of cortical thinning that increased chances for the subject to be classified as an AD patient. Green spectrum is the regions of importance for DLB body dementia. There are several reports on frontal lobe atrophy in DLB [11] [12] [13] . However, recent studies found the orbitofrontal cortex [4] and, on the large sample, even the whole [67] cortex to be preserved in DLB compared to AD. In addition, although there are observations from functional studies showing metabolic [51] and perfusion [35] reductions in occipital lobes in DLB compared to AD, no significant volumetric differences in this region were found [36, 50] . Our results showing more occipital involvement in AD compared to DLB might therefore look surprising. But it is worth noting that a multivariate pattern implies complex relationships between areas, where many interrelated features influence the response together. In contrast, in univariate or mass-univariate results (as in the referred structural studies), every single measurement (ROI volume, voxel or vertex) has its own variance, and is treated independently. Thus, the regional pattern of difference observed in our results must be interpreted with caution. It is also important to note that the mentioned structural studies analyzed volumes, whereas in our work, we looked at cortical thickness, which may have different quantitative and qualitative sensitivity to the atrophy-related brain changes. In particular, it has been shown to be less dependent on cortical surface area than volumetric measurements [69] . Therefore, the results obtained using different techniques may differ.
Another key point pertains to the results from the mixed datasets. It is well known that MRI protocol alignment is an important step in multicenter studies, the use of which can provide an opportunity to implement models trained on unified datasets such as ADNI for the new data derived from different cohorts without a significant drop of accuracy [65] . Our results showed that without this step the models fail to demonstrate adequate performance on data acquired using different protocols. This is a significant limitation of these methods that complicates their clinical implementation. However, MRI protocol alignment can be simplified by using plastic phantom, instead of a human volunteer as phantom. This has also some benefits in terms of stability of referential structure sizes, and in presenting an opportunity for using such phantoms multiple times without very strict safety limitations.
On the other hand, our results demonstrate that the models can still produce acceptable accuracy on different data even without protocol alignment (although not as good as with alignment). The use of the mixed sample resulted in the accuracy drop (from 91.64/91.15 to 83.9 for the LOO performance, and from 77.8 to 76.4 for the independent datasets), but accuracy was still at an acceptable level (AUC [0.7). This, coupled with stability of pattern of selected features, supports the robustness of the SPLS technique. However, they still need to be confirmed in larger datasets.
There are some important limitations in our study. First, in the DemWest cohort, patients were scanned at three different centers. This may influence the results, although previous studies have shown cross-scanner robustness of the Freesurfer's performance and we found good reliability across the three centers. The Slo cohort was scanned at only one scanner.
The second limitation is the potential influence of relatively small sample sizes on both feature selection process and fitting. This may particularly explain minor differences in atrophy patterns between cohorts. However, we observed similar findings when analyzing the two cohorts separately, and also on the mixed sample additionally testing the classifier on the independent dataset. The first model (DemWest) was additionally tested on the independent dataset of 27 AD subjects from the same cohort. The accuracy of the model was lower for this testing dataset (77.78 %, compared to LOO accuracy of 91.64). We believe that the preponderance of women in this dataset (7.4 % of males compared to more than a half in the training DemWest dataset) also contributes to the drop in accuracy, as gender-related differences in morphological profiles affecting cingulate cortex have also been found in patients with AD [4] . Another possible explanation of this drop is a coarse MRI protocol alignment for the Norwegian cohort. It is important to acknowledge that although we tried our best to optimize the MRI protocols across centers so that they would produce reliable measurements and showed their reliability on three human phantoms, this number may be not enough to estimate real variance of the measurements. It is also worth noting that the reliability of ICV and MT does not necessarily imply the stability of regional measurements.
The absence of DLB cases in the testing DemWest dataset also hampers a full assessment of generalization in this model. And finally, in the Slo cohort there were age differences between the AD and DLB groups, and although we regressed them out before the classification, this may influence our findings too.
It is also important to note, that whereas our main cohort contained only AD and DLB patients, 5 PDD subjects were included in the Slo DLB cohort. Although brain changes are shown to be similar in PDD and DLB [41] , there are some differences with more structural pathology in DLB than in PDD [3, 8] . This may explain the slightly lower sensitivity in the Slo (88.2 %) compared to 94.4 % in the DemWest cohort.
Finally, the diagnoses of AD and DLB were primarily based on clinical criteria, and thus some misdiagnosis cannot be excluded. However, in the DemWest study, patients are followed annually, and bi-annual meetings among the study clinicians are held. In addition, the first seven patients coming to autopsy had their clinical diagnosis confirmed. Finally, DAT-scans were acquired for the majority of DLB subjects, and have been shown to be specific for the diagnosis of DLB [45] .
Of note, there is a variation in the amount of ADpathology in DLB patients [46] , which might influence the ability to clearly distinguish between AD and DLB using MRI.
To conclude, we found that SPLS classification of high-dimensional cortical thickness measurements is a robust and accurate method for differentiating between AD and DLB patients, relatively stable even for mixed data, but not when tested on completely independent data drawn from different cohorts without MR-protocol alignment.
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